This paper investigates the cooperative patrol task planning problems for multiple unmanned aerial vehicles by considering the patrol task requirements. A new cooperative patrol task planning approach is proposed to complete the patrol task. Firstly, the cooperative patrol task planning model for multiple unmanned aerial vehicles is established. Then, the corresponding complex constraint condition processing method with two steps is designed; that is, obtaining the initial result via Floyd algorithm firstly and then generating the optimal solution by adopting the improved Push Forward Insertion Heuristic (IPFIH) algorithm. It is proved that the proposed algorithm can obtain feasible solutions that meet all constraints and maximize the patrol payoff under the limited resources conditions. Finally, a numerical simulation is provided to demonstrate the effectiveness of the proposed cooperative patrol task planning approach.
I. INTRODUCTION
The unmanned aerial vehicle (UAVs) has been found highly effective in many applications where human presence in the aircraft is deemed unnecessary or dangerous, such as mapping, surveillance, search and patrol operations, etc. Compared with the single UAV, the cooperation of multiple UAVs is more efficient since it can reduce the size and complexity required for each a single UAV platform. As a significant problem of the cooperation of multiple UAVs, cooperative patrol task planning of Multiple UAVs is required to consider the characteristics of UAV resource types, volume and the task under certain constraints; that is, flight navigation and sensor performance constraints, respectively, which include the task time window constraint, feasible task for each UAV planning, defining the overall objective function returns of patrols and implementing the largest value of objective function returns, to name a few (see [1] and [2] ). In this case, the cooperative patrol task planning problem for multiple UAVs becomes a typical NP problem with complex constraint conditions and heterogeneous multi-model due to the comprehensive consideration of The associate editor coordinating the review of this manuscript and approving it for publication was Yang Tang . cooperative constraint conditions, task execution costs and algorithm rationalities [3] and [4] .
The study of cooperative task planning methods for multiple UAVs has aroused many attentions from scholars or units recently (see [5] - [7] and the reference therein), and there are numerous research results on planning methods for UAV, including the A* algorithm, the genetic algorithm, the contract network-based method and the ant colony algorithm, among many others. As a typical representation of traditional optimization methods, A* algorithm aims to obtain the optimal solution of the problem completely. However, as a deterministic algorithm, A* algorithm has the shortcomings of time and space complexity when solving largescale combinatorial optimization problems. If the scale of the problem increases, then its solving difficulty increases dramatically. As one of the evolutionary algorithms, genetic algorithm has been widely applicated in the task planning for UAVs in recent years. However, due to its inherent randomness, there are many inferior search processes in obtaining the solution, which leads to low efficiency and accuracy in solving large-scale combinatorial optimization problems. The contract network-based method is the most widely used distributed task planning method. Its core is to regard task assignment as a transaction process and then achieving global VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ optimization on the basis of local optimum by the mutual negotiation, the task competition and the conflict prevention of UAVs. However, since the optimization ability of the contract network-based method is established on negotiation and competition among UAVs, its solving efficiency will be reduced when the communication traffic among UAVs increases in the large-scale task planning.
To solve the cooperative patrol task planning problem for multiple UAVs, both multi-UAV cooperative task planning and vehicle route planning problems should be taken into consideration as shown in [8] - [12] . In [13] , an extended consensus-based bundle algorithm was proposed to solve multi-UAV heterogeneous task assignment problem with distinct constraints. Cui et al. [14] improved the traditional single-task auction method according to the dynamic combination auction method and achieved some commendable results about the multi-UAV cooperative task planning problem with finite detection payloads and extent of communications. The planning problem of multi-UAV patrol routes was investigated in [15] and [16] , respectively, which supplied good references in solving the planning problem of mobility patrol routes. In [17] , the emergency rescue vehicle route planning problem was studied in the urban route network, where the two-level rescue road selection model was established and the satisfactory solution was generated via the genetic algorithm by considering the travel time of the road section and the reliability of the road network. Combined with the differences of the affected areas, the problem of planning cross-border rescue routes in the affected areas was solved in [19] by a modified model in virtue of the method in [18] . Furthermore, the multi-UAV cooperative task planning can be transformed into consensus control of networked multiagent systems problem [20] and [21] , higher-order consensus [22] - [24] and consensus of networked agents with general linear node dynamics [25] and [26] , respectively.
When using UAV formation to patrol the multiple vehicles mobility routes, several constraint conditions should be considered, such as the sensor performance, the range of multi-UAV collaborative task planning, the road connectivity and route cost of vehicle path planning, et al. In this scenario, the constraint conditions are complicated. Moreover, the cooperative patrol task planning only needs to plan the number of roads consistent with the number of transport vehicles, while the multi-UAV cooperative mission planning and vehicle path planning problems need to realize the traversal of all nodes. Based on the above analysis, it can be found that the multi-UAV cooperative patrol task planning problem is different from the cooperative mission planning problem and the method in [13] - [18] cannot be adopted to solving the multi-UAV cooperative patrol task planning problem. To the best of our knowledge, the cooperative patrol task planning problem for multiple UAVs are not comprehensively investigated. This paper focuses on solving the cooperative patrol task planning problem for multiple UAVs. The cooperative patrol task planning model for multiple unmanned aerial vehicles is established. The initial path is obtained by Floyd algorithm and the optimal is generated by using the improved PFH algorithm, respectively. The innovation of this paper is twofold. The first one is that the cooperative patrol task planning problem is solved by a newly developed cooperative patrol task planning approach. The second one is that a two-step complex constraint condition processing method is proposed to deal with the complex constraint conditions.
II. MATERIALS AND METHODS

A. PROBLEM DESCRIPTION
Most existing results about task planning for multiple UAVs mainly focuses on the multi-UAV cooperative reconnaissance problem. However, in many applications, the cooperative patrol task planning for multiple UAVs is needed. The difference between these two problems are summarized as follows: The task of cooperative reconnaissance usually aims at a point target and the position information is known previously. Under the conditions of no forbidden zone, the UAV can fly from any point target to another point target without flying along a specific task. In this case, the task completion flag is to achieve traversal of all point targets. For the cooperative patrol, the mission directs at a line target and the state of the point with a special case is unknown before the planning. In this scenario, the UAV should patrol along a known road network where the track is restricted, and the achievement of the mission is to achieve coverage of all line targets.
The task environment of the multi-UAV cooperative patrol is described by a non-directional diagram G = (V , E), where E denotes the route set and V indicates the node set, respectively, which includes start points, obligatory patrol nodes, intersection of routes and end points. Note that the points that must be patrolled are added to the node set. For the convenience of theoretical analysis and without loss of generality, the following assumptions are introduced: 1) The location information in the node set and the route set is known; 2) A single UAV can be accommodated in one end point; 3) The UAV is rotary-wing such that it can take off and land vertically; 4) The task is completed when the UAV arrives at the work site, which means that the UAV need not to return autonomously; 5) The UAVs maintain a constant speed while carrying out patrol tasks; 6) The flight speed of UAVs of the same type is consistent.
There are N L kinds of UAVs in good conditions and able to execute patrol tasks separately arranged at distinct starting points.
type of UAVs set, where v k i denotes the kth UAV of the ith UAV kind, N i represents the number of UAVs equipped with corresponding kind of imaging sensor, and N z = N L i=1 N i is the whole number of all UAVs. The longest cruising time of the ith UAV is T L i , the maximum task range is RL i and the speed of flying is V i . The UAV formation requires the planning of N f feasible maneuvering routes. The end point sets are P h , h = 1, 2, · · · , H . The patrol of node h can merely be completed within the time window [e h , l h ], where e h is the earliest time allowing to execute patrol tasks on node h. The UAV has to hover low to e h if reaching before e h and the waiting time is added into the task time. l h represents the latest time allowing to execute the patrol task on node h. Node h cannot be used to complete the task if reaching after l h . There are M significant nodes in the patrol area, which are the nodes that must be patrolled, and the node sets are P m , m = 1, 2, · · · , M . The sets of road junction node are P e , e = 1, 2, · · · , E. Define N J = H + M + E, which represents the sum of all the node sets. It should be pointed out that for each UAV, it is likely to suffer from accurate hit for being premature to reach the end points, while it is impossible to finish the task in time if arriving too late. The distance from node c to d is Dis cd , and the flight time of
represents the jth node that patrolled by UAV v k i , and
According to the above analysis, the path planning problem of multi-UAV collaborative patrol is described as follows: Firstly, the formation of UAV needs to plan the feasible maneuver path from the starting point to the end point. Then, UAVs should ensure that all roads are safe by patrolling along planned routes. Note that all planned routes belong to the route set in the environment and the time when the UAV finally finds the end point is the mission completion time. When the UAV finds its destination, it hovers as a communications relay until the mission is complete. Finally, UAV lands vertically and autonomously, which can be recovered without returning, and hence greatly expanding the distance of the UAV to perform the task. The schematic diagram of the multi-UAV patrol route planning is shown in FIGURE 1:
Let X = x k icd |k = 1, 2, · · · , N i , i = 1, 2, · · · , N L , c, d = 1, 2, · · · , N J } be the decision variable of the multi-UAV cooperative patrol task planning problem, where node d is immediately after node c and x k icd satisfies that
To maximize the patrol efficiency resources of a minimum patrol, it is required that there exists only one task completion time for each model; that is, the traversal of all nodes that must be patrol, N f feasible planning and patrol routes. Note that task execution costs are taken into account. To minimize implementation costs and complete tasks in the shortest possible time, respectively, the objective function can be modeled as follows:
min Z = αDis(X ) + βT m (X ).
where 0 ≤ α ≤ 1, and 0 ≤ β ≤ 1 are weights of the total voyage distance of all UAVs and the total finishing time of tasks, respectively, whose specific values are determined by the actual situation of the task. The total voyage distance of all UAVs and the total finishing time of tasks are defined as follows:
where Dis cd is the distance from node c to d, and t ik cd represents the flight time of UAV v k i from node c to d. Then, the constraint conditions are shown as follows: Hard time window constraint at end points: s h represents the moment that UAVs reach the end point h, which should satisfy that:
The constraints of all nodes that must be patrolled: For any obligatory patrol node, the node must be patrolled by at least one UAV; that is, the following constraints should be meet:
UAV flight time constraints: The total flying time for each UAV cannot exceed its maximum cruising time, which means that
UAV voyage constraints: The total range of each UAV cannot overstep its maximum flight distance:
Image sensor constraints: The patrol UAV can carry three types of sensors mainly including IR, EO and SAR, where IR is the infrared imaging sensor, EO is photoelectric sensor and SAR is a synthetic aperture radar, respectively. UAVs carrying three imaging sensors on patrol missions together will get better patrol benefits. For any node that must be patrolled, at least one UAV is required to meet the patrolled requirements. The type of patrol sensor that must patrol nodes is represented by R m = R m E , R m I , R m S , where R m E = 1 means that node m must be patrolled by UAVs carrying the EO sensor, while UAVs of this type are not useful if R m E = 0 and the analysis of R m I and R m S is similar to the one of R m E . Tasks that call for cooperative patrol of multi-type UAV, such as R m = 1, 1, 0 , meaning that the UAVs carrying the IR and EO sensors respectively are required to patrol the obligatory nodes, and the time which the last UAV patrols the node is the specific time to complete the task. Moreover, it should be pointed out that the obligatory patrol node set P E can only be obtained by the UAV carrying EO sensor. Similarly, P I and P S can be obtained.
B. ALGORITHM DESIGN
In this subsection, according to the characteristics of the established model, the cooperative patrol task planning approach is proposed to obtain the optimal solution of the cooperative patrol task planning problem in the following two steps: 1) Preprocessing the constraint conditions; 2) Adopting the Floyd algorithm to generate the initial path and then utilizing the improved PFIH algorithm to find the feasible solution.
With the end time window constraints, imaging sensor constraints, each of the mandatory patrol nodes and the control and the flight constraints of the UAV, a constraint handling method is designed as follows. Dis cd x k icd ≤ RL i , then the voyage constraint is satisfied, and the flight time constraint is the same; otherwise, go to Step 5. e) Step 5: If the current position cannot satisfy the constraints, then select the next node as the trial insertion position and go to Step2. f) Step 6: If a feasible route is found, then the constraint condition can be satisfied, otherwise it is not satisfied.
Path planning problem is a NP hard problem. Combined with the complex requirements of multi-UAV collaborative patrol path, the solution of this problem is more complex, and it is difficult for the traditional algorithm to find the optimal solution. Due to the discretization of the solution space of the patrol path planning problem, PFIH algorithm can efficiently obtain the optimal solution of the problem under all constraints. PFIH algorithm is a routing construction algorithm with time window constraint proposed by Solomon in 1987 [27] . The idea of the PFIH algorithm is as follows: Firstly, determine the selection principle of the seed customer point; Secondly, select an unallocated seed customer to form the initial task sheet customer; Thirdly, unplan customer to insert the task until the new customer cannot insert the current task. Then look for the second unassigned seed customer to construct a new task and repeat the process until all the customers are served. PFIH algorithm determines the customer to be inserted and the optimal insertion position of the customer by calculating and comparing the cost function of each customer.
For the problem of multi-UAV collaborative patrol path planning, the customer is all nodes in the environment, and the unallocated seed customer is the node that must be patrolled. We design the selection principle and cost function according to the problem and improve the PFIH algorithm to satisfies the problem of multi-UAV collaborative patrol path planning. Innovation points are summarized as follows:1) Generate initial solution to ensure quality by the Floyd algorithm; 2) Reduce the node to be inserted to mandatory patrol nodes outside the initial path, reduce the search space, and improve the search efficiency; 3) According to the routing connection matrix and node to be inserted, the feasible insertion position is used to replace the original traversal insertion, which improves the speed of the algorithm [28] . Step 1: Using Floyd algorithm to calculate the shortest path and its length from the starting point to the end point, perform the task according to the total number of UAV, and choose the shortest path as the initial path. b) Step 2: Obtaining the mandatory patrol node set through the imaging sensor array, and then select the node from the mandatory patrol node set other than the initial route as the node to be inserted. c) Step 3: After the insertion, select the location with the lowest insertion cost (the minimum increase in the current path length after the insertion) to insert the node to be inserted without violating the time window constraint and flight time constraint. d) Step 4: If the flight time window constraint and time constraint violate the insertion, which is one of the feasible approaches between the two nodes with the shortest route generated by Floyd algorithm, then the current route cannot meet the constraint conditions, and then the route is selected from the starting point to the end point. e) Step 5: Repeat Step2, Step3 and Step4 until necessary patrol nodes are inserted into the current path. f) Step 6: If there is a mandatory patrol node that has not been inserted into the current route, then create a new route as the current route and go to Step2; otherwise, go to Step7. g) Step 7: Output final solution x k icd , k = 1, 2, · · · , N i , i = 1, 2, · · · , N L , c, d = 1, 2, · · · , N J , and then convert it to R v k i . Floyd algorithm is used to find the shortest task in a given weighted graph. According to the principle of dynamics, the shortest task between two vertices is calculated. It applies to all pairs of shortest tasks (APSP). It works best in close texture. The algorithm is simple and effective. Because the three-loop structure is compact, the efficiency of dense graph is higher than that of Dijkstra algorithm and SPFA algorithm. It is mainly used to solve the optimization problem of network routing.
To solve the task assignment problem, the basic idea of the traditional intelligent optimization algorithm is to design the fit function and the iteration criterion for the corresponding problem. After obtaining the initial solution, the iteration is repeated in the way of search optimization until it converges to the non-inferior solution structure. However, due to the complex environment, there are many constraints when multi-UAV performs autonomous patrol tasks, which is quite different from the traditional task assignment model. In the process of constructing initial solution and iteration, it is difficult to guarantee that the generated solution satisfies all constraints.
Different from the ideas of traditional algorithms, the proposed approach in this paper can construct the initial feasible solution firstly and then constantly looking for excellent solution, and the improved PFIH algorithm can design the heuristic insertion iteration criterion by constructing the global optimal solution, which does not necessarily meet all the constraints, and constantly ADAPTS to different constraints. Under the condition that all constraints are satisfied, the quality of solution can be improved rapidly in the iterative process, and the iterative termination algorithm can obtain the global optimal solution. By improving the PFIH algorithm, the efficiency of the algorithm can be increased since it need not to satisfy all the constraints. Furthermore, the number of tasks that are going to be inserted has increased the efficiency of the algorithm such that the improved algorithm satisfies all the constraints. The quality of the solution is minimized to ensure the optimal result of the algorithm.
III. RESULTS AND DISCUSSION
As shown in Figure 2, starting from three starting points, with the maximum range of 80km, 75km and 70km, and the flying speeds are 60km/h, 50km/h and 40km/h respectively. The UAV formation needs to plan 12 feasible routes. TABLE 1 shows the coordinates of the obligatory patrol nodes and imaging sensors constraints. The 52 coordinates of the end points with their hard time window constraints are shown in TABLE 2, which represent the position distribution of the points in the environment. The two-dimensional position and distribution of all points are shown in FIGURE 2. FIGURE 3 depicts the patrol path diagram of 12 UAVs by marking the patrol node sequence of each UAV. As is shown in FIGURE 3, 12 UAVs have completed the effective patrol of 6 must-choose patrol nodes, and planned a feasible maneuver path for each UAV under the constraints of flight time, imaging sensor performance and other conditions, respectively. Table 3 describes the track information for each UAV, including the trace node, the total time of task completion and the total range, respectively. The time for UAV carrying EO sensor is 0.83h, 0.90h, 0.95h and 1.10h respectively, and the task time for UAV carrying infrared sensor is 0.73h, 1.03 h and 1.16h, respectively. At the case of 1.21h, the mission time of the four UAVs is 0.78h, 1.12h, 1.13h and 1.52h, respectively, which meet all the endurance constraint. The total range for 12 UAVs was 612.11 km under sensor performance constraints. The average mission distance of each UAV is 51.1 km. The task load of the distribution scheme is balanced. The total time to complete the task is 1.52h, and the patrol reward is 7.6259. Simulation results show that the algorithm can solve the model quickly and improve patrol revenue to the greatest extent.
Due to the fact that the algorithm performs the most effective improvement on the shortest initial path, the algorithm has to go through the number of nodes in order to increase the efficiency of the algorithm, such that the modified solution will satisfy all the constraints. The increase of the minimum path length ensures the optimization of the algorithm results.
IV. CONCLUSION
The cooperative patrol task planning problems for multiple unmanned aerial vehicles was studied by considering the patrol task requirements, including the patrol path planning requirements of transport vehicles, the hard time window constraints, UAV flight navigation conditions and imaging sensor constraints. The cooperative patrol task planning model for multiple unmanned aerial vehicles was established.
The initial path was generated by the Floyd algorithm and then finding the optimal solution of the problem by utilizing the improved PFIH algorithm. Simulation results showed that under the condition of limited patrol resources, the proposed algorithm can generate feasible solutions that meet all the constraints and maximize the benefits of patrol. Further work will focus on the case that the feasible road is damaged and cannot continue to move forward, studying the patrol task re-planning technology under the condition that the initial planning path is damaged, and enhancing the fault tolerance of the algorithm.
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